Introduction
The Fourth Assessment Report (AR4) of the Intergovernmental Panel on Climate Change (IPCC, 2007) has, with greater confidence than previous reports, warned the international community that the increase in anthropogenic greenhouse gases emissions will result in global climate change. Associated with the expected global temperature rise, precipitation patterns and quantities will likely change, and the frequency and intensity of major natural hazards, such as droughts, heat waves, floods and fires are expected to increase.
Although many uncertainties remain in the regional projections of these changes -particularly in the Tropics (Douville, 2008 ) -local water resources, natural and agricultural ecosystems, and therefore human societies are expected be significantly impacted. These impacts are likely to be particularly severe in developing countries, where poor communities are highly dependent on the direct use of local natural resources, and where widespread poverty limits the capacity to cope with climate variability and natural disasters (Commission of the European Communities, 2007) . Among these regions, Africa is considered particularly vulnerable to climate change, due to a combination of naturally high levels of climate variability, high reliance on climate sensitive activities, such as rainfed agriculture, and limited economic and institutional capacity to cope with, and adapt to, climate variability and change. Furthermore, under its current climate Africa is already facing recurrent food crises and water scarcity which are exacerbated by rapid population growth: climate change will thus act as an additional stress in the future of African economies and livelihood (CGIAR, 2009) .
Agriculture is certainly the most vulnerable sector in SubSaharan Africa (SSA). Crop yields are highly dependent on climate In West Africa, agriculture, mainly rainfed, is a major economic sector and the one most vulnerable to climate change. A meta-database of future crop yields, built up from 16 recent studies, is used to provide an overall assessment of the potential impact of climate change on yields, and to analyze sources of uncertainty.
Despite a large dispersion of yield changes ranging from À50% to +90%, the median is a yield loss near À11%. This negative impact is assessed by both empirical and process-based crop models whereas the Ricardian approach gives very contrasted results, even within a single study. The predicted impact is larger in northern West Africa (Sudano-Sahelian countries, À18% median response) than in southern West Africa (Guinean countries, À13%) which is likely due to drier and warmer projections in the northern part of West Africa. Moreover, negative impacts on crop productivity increase in severity as warming intensifies, with a median yield loss near À15% with most intense warming, highlighting the importance of global warming mitigation.
The consistently negative impact of climate change results mainly from the temperature whose increase projected by climate models is much larger relative to precipitation change. However, rainfall changes, still uncertain in climate projections, have the potential to exacerbate or mitigate this impact depending on whether rainfall decreases or increases. Finally, results highlight the pivotal role that the carbon fertilization effect may have on the sign and amplitude of change in crop yields. This effect is particularly strong for a high carbon dioxide concentration scenario and for C3 crops (e.g. soybean, cassava). As staple crops are mainly C4 (e.g. maize, millet, sorghum) in WA, this positive effect is less significant for the region.
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fluctuations, as agriculture is mostly rainfed (96% of all agricultural land, World Bank, 2008) . Moreover, crop management (use of fertilizers and pesticides combined with modern cultivars) remains low (Dingkuhn et al., 2006) . Adverse changes in climate are thus likely to directly impact agricultural systems, thereby threatening food security and economic growth. Indeed in 2000, approximately 80% of all cereals consumed in SSA were supplied by domestic production and, in recent years, agriculture's share in SSA's GDP has varied between 15 and 20% (World Bank, 2008) . It is, therefore, crucial to diagnose the potential implications of climate change on crop productivity in the coming decades. However, producing reliable future agricultural production scenarios remains challenging because of large uncertainties in regional climate change projections, in the response of crops to environmental change (rainfall, temperature, CO 2 concentration), in the coupling between climate models and crop productivity functions, and in the adaptation of agricultural systems to progressive climate change (Challinor et al., 2007) . These uncertainties result in diverging estimations of productivity response to climate change in SSA in the recent literature. Thus there is clearly a need for a comprehensive overview of climate change impacts on agriculture in the different regions of Africa. The objective of this study is to provide such an overview for West Africa, based upon the recent scientific literature (ECOWAS countries + Cameroon). This region, particularly vulnerable to climate variability and changes, concentrates a significant part of SSA's population and croplands: 43% of the population, 1 around 53% of the area of cereals, roots and tuber crops (FAOSTAT). Rainfall in this region depends on the West African monsoon (WAM), which takes place during the boreal summer as a result of differential warming over the ocean (the Gulf of Guinea) and the land surface. The WAM exhibits considerable variability on interannual and interdecadal timescales: the long-term and large-scale drought of the 70s and 80s (e.g. Dai et al., 2004) stands as the greatest regional climatic signal over the second half of the last century in terms of precipitation (Trenberth et al., 2007) . Naturally, such variability has had dire consequences for local populations -highlighting their vulnerability to potential adverse future changes of the WAM in the context of global climate change. Furthermore, there are few consensuses regarding the evolution of monsoon rainfall in a warmer climate: some studies make projections of wetter conditions and some predict more frequent droughts (Druyan, 2010) . To our knowledge, only two recent studies (Biasutti, 2009; Patricola and Cook, 2010) found a robust agreement across the various climate models of the IPCC CMIP3 ensemble on the seasonal distribution of Sahel rainfall changes (with a drying of the early season and positive rainfall anomaly at the end) in contrast with a large uncertainty for summertime rainfall totals. This study aims to explore beyond a simple static review of the literature: we build a meta-database of future yield change by compiling results from 16 published papers dealing with climate change impacts on agriculture in West Africa. From this database, we are therefore able to provide a quantitative assessment of the range of projected impacts and an analysis of the sources of uncertainty. Given the range of regions, crops and methodologies encompassed by the different studies, such a meta-analysis is bound to remain imperfect. However it is a necessary first step to identify the main causes of uncertainty in agricultural future projections in the region, and a fundamental prerequisite to produce reliable assessments (Challinor et al., 2009 ).
Materials and methods

The general workflow
An examination of the literature on climate change impacts on agriculture in Africa, and elsewhere in the world, reveals a typical workflow summarized in the flowchart of Fig. 1 . Quantifying the response of crop yields to climate change requires the following main steps.
Generation of future climate
To assess the impact of climate change on crop production within a given study domain, it is necessary to define scenarios describing the future evolution of meteorological variables. The simplest way is to define a uniform scenario (for instance +10% in rainfall, +2.5 8C in temperature) and to add these changes to the observed climate data of a present time period. Among the studies reviewed in the present analysis, a few follow that approach: Ben Mohamed et al. (2002), Salack (2006) and Vanduivenbooden et al. (2002) . However, it is obvious that such a method, although allowing useful sensitivity studies, relies on assumptions about future climate: it has no real physical basis, and does not preserve consistency among climate variables. A more physics-based approach is the use of global climate models (GCMs) that are able to generate physically consistent sets of climate variables over the study domain. These models are forced by scenarios of future radiative forcing, e.g. increasing greenhouse-gas (GHG) concentrations. Several emissions scenarios, describing different future socio-economic evolutions, have been defined by the IPCC, and for a given scenario different GCMs can provide different climate projections over the study area. Therefore, in order to span some of the uncertainty in climate projections, the majority of the published papers use several GCMs and/or scenarios; see for instance Schlenker and Lobell (2010) in this review.
Crop modelling
To translate climate scenarios into possible agricultural outputs, two distinct approaches are usually adopted: statistical modelling and process-based crop modelling, both of which aim at estimating crop productivity as a response to climate.
Empirical crop models are statistical relationships derived from observations, linking crop yields in a given location to local climate variables. Although such relationships are relatively easy to compute, calibrating and validating a robust statistical model requires long series of data (yields and climate). One advantage is that such relationships can be established directly at large scale (e.g. national) using spatially aggregated climate variables to predict average yields over large areas. In this review, Lobell et al. (2008) and Schlenker and Lobell (2010) in particular, follow this approach, arguing that it provides a straightforward assessment of future climate impacts at a scale directly relevant to informing policymakers and stakeholders.
The other approach is process-based crop modelling. These models represent the physiological processes of crop growth (assimilation of carbon and nutrients, transpiration) and development (e.g. apparition of successive organs, vegetative and reproductive phases) as a response to climate, thus simulating the seasonal crop cycle and its different parts. Because this approach allows, in theory, the capture of detailed, intraseasonal and non-linear effects of climate on crops, most climate impact studies use a mechanistic crop model, as can be seen in the present review (see Table 1 ) Not all models, however, have the same physiological approach, nor go into the same level of detail. In particular, the positive effect of higher atmospheric CO 2 concentrations on crop photosynthesis (Tubiello et al., 2007b) is not taken into account in all crop models (for example, Salack, 2006) . In addition, these models usually require numerous parameters and are thus applied at the plot scale where these data are available and can be considered homogeneous: they do not directly provide information on climate impacts at larger scale.
Note that a third approach, the Ricardian analysis (Mendelsohn et al., 1994) , is also used for estimating the impact of climate change on agriculture in West Africa (e.g. Kurukulasuriya and Mendelsohn, 2007; Molua, 2009 ). This approach focuses on the net income of farming systems instead of focusing on crop yields and, unlike most impact studies, takes adaptation strategies (cropping system management) into account.
Linking GCMs and crop models
Combining GCM and crop models raises several issues. First, GCM most often show significant biases in their simulated climate: regional amounts and patterns of precipitation, in particular, may not be realistic (Randall et al., 2007) . Hence, geographically explicit climate impact studies generally require some level of climate data bias correction. The simplest correction method is the ''anomaly method'': for a given GCM, a computed mean annual anomaly between future and current simulated climates is added to a current, observation-based, climate dataset. In the present review, Mü ller et al. (2010) for instance, adopt this approach.
Second, combining GCM and mechanistic crop models is more complex than a simple coupling of the two models due to scale mismatch. Indeed, GCMs typically produce climate projections at a spatial resolution in the order of 28. While statistical crop models can be directly calibrated to use such aggregated information as input (see previous section), process-based crop models, being designed to work at plot scale, need climate data at a finer spatial scale. Thus, there is, in general, a need to downscale the climate information from the GCM to the crop model scale. Temporal downscaling may also be required when the outputs of the GCM are only available at monthly intervals, for example, for some IPCC AR4 simulations archived by the Program for Climate Model Diagnosis and Intercomparison, PCMDI (see http://www-pcmdi.llnl.gov/ipcc/data_sta-tus_tables.htm). There are two general types of downscaling methods (that can be sometimes combined): -Statistical downscaling, in which empirical relationships between atmospheric meso-scale circulation and local climate are used to retrieve realistic time series of local climate variables. This method includes stochastic weather generators, linear or non-linear regressions, weather-type methods (Zorita and von Storch, 1999; Mü ller et al., 2010) , for instance, use a stochastic weather generator to downscale monthly climate variables to an hourly (??) time step. -Dynamical downscaling, which uses regional climate models with a fine (approximately 10-50 km) resolution nested in the GCM (Paeth et al., 2011) . It has to be noted, however, that in the impact studies reviewed here, the type of downscaling method -if any -is not systematically reported or clearly detailed.
In recent years, the growing need for climate changeoriented crop modelling applications has led to the development of large-scale crop modelling. Such models are designed and calibrated to work directly at a scale compatible with climate model outputs, suppressing the need for downscaling/upscaling. Some models are developed independently as climate impact models (Challinor et al., 2004; Tao et al., 2009) , and others are developed as part of Earth System vegetation models in which they account for croplands (De Noblet-Ducoudré et al., 2004; Bondeau et al., 2007; Berg et al., 2011) ; they may then be used for climate impact studies. In the present review, Mü ller et al.
(2010) use such a model, LPJ-ml (Bondeau et al., 2007) .
Adaptation to climate change
When assessing the impact of climate change on yields it is important to know if the studies take adaptation into account. According to Chuku and Okoye (2009) , the adaptation options available in agriculture to cope with climate change can be classified as (i) income/asset management, (ii) government programs and insurance, (iii) farm production practices and (iv) technological development. These authors also underline that these categories are characterized by the scale and the agents involved. Several adaptation options are already used at the local scale by Sahelian farmers. They are generally farm production practices (e.g. water management, selection of crop landraces, fertilization) but also income/asset management (e.g. diversification of activities, migrations). This shows that adaptation is a fundamental issue in assessing future crop yield scenarios if one wants to avoid an overestimation of climate change impacts.
However, in most of the papers selected in this review, adaptation is not explicitly taken into account. In some studies (e.g. Mü ller et al., 2010) the sowing date changes every year but is still based on the same general cropping practice (e.g. sowing at the first big rain) so this behavior is an existing adaptation to the interannual variability of climate rather than to climate change. Tingem and Rivington (2009) simulate the yield change with and without adaptation. They consider new sowing dates and hypothetical improved cultivars. Future yield losses are clearly limited by these adaptation options. Butt et al. (2005) present their results, both without adaptation, and with a set of theoretical adaptation options: crop mix, heat resistant varieties and economic. All of them definitely improve future potential yields. Note that for these two studies, we only include values without the adaptation options in the database because, (i) some of these options are hypothetical and (ii) we try to focus more on the raw impact of climate. Finally, the Ricardian studies consider full adaptation. However, it is not possible in the results to detail what options are used and the impact of climate change without adaptation. Moreover, this method assumes out the costs of the transition from one climate to another, hence it over-estimates the benefits of adaptation.
Globally, the selected assessments assume out many adaptation practices that could be used in the future and focus more on the ''gross'' impact of climate on yields.
The meta-database
Our literature survey covers major publications on the impact of climate change on crop yields in West Africa. Only studies where the relative yield change between the present and the future was reported as numerical or graphical data, or was available by personal communications, were included. The Ricardian analyses were not considered since they only deal with the net output/ income value, and future yields are not available. Results from Ricardian studies are therefore presented separately in Section 3.6. It should be noted that the reference time period can vary slightly from one paper to another (1961 -1990 for Tingem and Rivington, 2009 and 1960 from Schlenker and Lobell, 2010 , for example): this non-negligible impact on results is presented as variations. Overall we used 16 papers to build the meta-database (Table 1) . We extracted the relative yield change for each area and each scenario (sometimes several scenarios, countries and/or several crops per study). We also tried to avoid an overrepresentation of any individual study. More precisely, we randomly deleted half of the values from Schlenker and Lobell (2010) , initially representing one third of the meta-database. Finally, we retained 347 values of relative yield change from the 16 studies. The contribution of each study to the meta-database is given in supplementary material.
We were specifically interested in finding generic explicative variables that might influence the magnitude and/or sign of the response of the yield to climate change. We therefore selected and categorized 5 variables: -The CO 2 fertilization effect: We defined two categories depending on whether the fertilization effect is taken into account in the yield projection. The category taking account of the CO 2 effect regroups 157 of 347 points, while neglecting the CO 2 effect regroups 190 values. -The intensity of the warming scenario: We deducted the radiative forcing from the SRES scenario and the time horizon according to the table published by the IPCC (http://www.grida.no/publications/other/ipcc_tar/?src=/climate/ipcc_tar/wg1/551.htm). It should be noted that this variable can be found only for studies considering the SRES scenarios (10 of 16 studies and 221 points of 347). We then defined two categories according to the median value, which divides the sorted data set into two equal parts so that each part represents half of the sampled population. The median value of the radiative forcing is 3.9 W/m 2 which corresponds roughly to an increase of 3 8C in the global temperature. -The yield modelling category: Two categories are defined according to the general workflow presented in Section 2.1: statistical crop modelling studies (149 points of 347) and process-based crop modelling studies (198 points of 347). -The crop type: The selected papers generally consider food crops (mainly maize, millet and sorghum). Since very few authors (Smith et al., 1996; Salack, 2006) give details of the cultivars used, only the name of the crop type is retained in the metadatabase. Some papers give results by grouping several crop types (''major crops'' for Mü ller et al., 2010; ''cereals'' for Fischer et al., 2005) and are categorized together as ''global'' in the metadatabase. -The area: Some of these studies present results aggregated at the continent (Sub-Saharan Africa; SSA) or sub-continent scale (West Africa; WA) and some others consider a specific country. We divided the latter into two categories according to the climatic gradient: the Sudano-Sahelian area regrouping Niger, Mali, Burkina Faso, Senegal and Gambia (126 points of 347) and the Guinean area regrouping Benin, Togo, Nigeria, Ghana, Liberia, Sierra Leone, Cameroon, Guinea, Guinea Bissau, Ivory Coast (101 points of 347).
Other descriptive variables are available in the meta-database (Table 1) : the name of the climate model used for future projections, the time period for the present climate, the time horizon for future scenarios, the name of the process-based crop model used for projections.
The meta-analysis methodology
Quantifying the impact of climate change on agricultural yields requires a methodology with nested components (described in Section 2.1) where the choice of any individual component (for instance the choice of the climate model and/or the crop model) and the way they are coupled together (for instance the choice of the downscaling technique) can strongly influence the results. We use the meta-database combining results from 16 published papers to sample the structural uncertainty of the response of the yield to climate change in Africa. Histograms of relative yield change between present and future are one way to visually assess the most frequent changes and the dispersion of responses within the literature. These histograms of yield change can be drawn not only for the whole dataset but also for sub-samples based on the categorical explicative variables defined in Section 2.2. The differences between the yield change distributions of sub-samples, defined on the basis of an explicative variable, can illustrate the influence of the latter variable on the sign, magnitude and uncertainty of the projected yield change. It should be noted that since the meta-database includes heterogeneous results coming from various publications with very different methodologies, regions and crops, we will limit our meta-analysis to a visual comparison of the results through histograms and illustrate the main differences between studies. Indeed, as mentioned by Challinor et al. (2007) , the estimation of uncertainty from a sample of several impact studies is not precise enough to provide a full quantitative assessment.
Results
Fig . 2 shows the distribution of relative yield variation under climate change for all simulations (all database, full line) and for simulations assuming no CO 2 fertilization effect (dashed line). The former aims at giving a global snapshot of all the values in the literature while the latter plot focuses on climate impacts only. It reveals a large spectrum of response for both distributions even though, globally, they depict a negative pattern: the median values are À11% without the CO 2 fertilization effect and À5% with it. In order to focus more precisely on the impacts of climate, we next consider only the yields change without the CO 2 fertilization effect (190/357 points). It should be noted that all the figures described in Section 3 have also been plotted using the whole database. The comparison reveals the same global tendency. The CO 2 fertilization effect will be considered separately in Section 3.6.
Process based vs. statistical crop modeling
We divide the meta-database without a CO 2 fertilization effect into two sub-groups: studies using process-based crop models and statistical models. The distribution (Fig. 3 ) medians are quite close (À13% for process based models vs À11%). It means that, although completely different in nature, the two methodologies give similar results for future yields. However, results from process based crop modelling studies show a larger dispersion in the yield response with yield anomalies of greater amplitude. Indeed such methods are able to capture complex non-linear yield responses resulting from multiple interactive factors (CO 2 effect, rainfall distribution changes, extreme temperature effects. . .) while statistical methods are much more constrained and do not accommodate drastic changes in future yields.
Effect of the magnitude of radiative forcing
Here the database is divided into two categories according to radiative forcing, an indicator which synthesizes the warming impact of anthropogenic greenhouse gases and aerosols. For a given climate model, radiative forcing determines the average temperature but the latter also depends on the model's climate sensitivity. Splitting the database according to radiative forcing provides an indication of the benefits of climate change mitigation. Indeed because of climate system inertia, a significant warming is unavoidable, and emission reductions can only mitigate this warming. Thus, the benefits of such reductions are better assessed by comparing the impacts of a moderate warming to that of a much greater warming, than by comparing a no-warming scenario (which is already out-of-reach) to a warming scenario. Fig. 4 shows that the yield response is quite different for the two radiative forcing categories. The impact of climate change on yield is clearly more negative for the higher one (median = À15% vs. À6%). The range of values is also larger for the high radiative forcing category.
Effect of temperature and rainfall changes
Rainfall and temperature changes are major determinants of recently observed trends in agricultural production in Sub-Saharan Africa. Both past temperature increase and rainfall decrease have led to a production shortage since the 1970s (Barrios et al., 2008) . If the effects of rainfall change overtake that of recent temperature change (Barrios et al., 2008) , it might be quite different in future projections. Indeed, the IPCC (2007) projections show a temperature increase ranging from +1.8 8C to +4.7 8C in WA in 2090, for scenario A1B, and a rainfall change ranging globally from À9% to +13%, with no agreement among models on the sign of the change). As underlined by Schlenker and Lobell (2010) these temperature increases are much larger relative to precipitation changes, with the latter typically smaller than the historical standard deviation. Furthermore, they found that the marginal impact of one standard deviation change in precipitation is smaller than that of one standard deviation change in temperature.
Based on the results from Schlenker and Lobell (2010) , Fig. 5 attempts to assess the respective impact of temperature and rainfall change on future yield change. Even if rainfall remains constant, the yield decreases by about 15%, probably due to the effect of higher temperature reducing the crop growth cycle length and increasing water stress through higher evaporation. However, rainfall change does have an impact, even if it is lower than that due to a temperature change. Fig. 5 shows that the median yield changes when rainfall increases or decreases differ by a factor of two À10% and À21%, respectively. However, Salack (2006) shows for a variety of millet that rainfall increase did not totally compensate for the effect of temperature increase (+1.5 8C) but greatly mitigated the impacts of warming (À59% and À26% for decreasing and increasing rainfall, respectively). Similarly, Fischer et al. (2002) show that the production of wheat, rice and maize do not vary a lot when rainfall increases: for WA, the relative production changes for the three scenarios +2 8C/+0%, +2 8C/+5%, +2 8C/+10% are respectively À13%, À13% and À12%. However, assessing the respective roles of temperature and rainfall change on crop yield change is difficult since those two variables are closely linked, as shown by Douville et al. (2006) who demonstrates the effect of precipitation on surface temperature in the Sahel. Furthermore, effects of temperatures and rainfall changes can interplay. For instance, for crops, the combination of high temperatures and abundant rainfall fosters high rates of chemical weathering and leaches clay soils of low inherent fertility (Barrios et al., 2008) .
Differences between the Sudano-Sahelian and Guinean areas
The impact of climate change on West African yields differs between the south (the Guinean zone) and the north (the SudanoSahelian zone). Fig. 6 shows the distribution of the relative yield change for countries belonging to the Guinean zone (dashed line) and to the Sudano-Sahelian zone (full line): more negative for the Sudano-Sahelian countries (median = À18%) than for the Guinean ones (median = À13%). This difference can be explained by the projections of future climate in Africa (see the maps from the IPCC AR4, 2007) which show a greater warming over continental Africa (particularly in Sahel and Sahara) while the temperatures of the Guinean zone, which are influenced by the ocean, are expected to increase more slowly. Moreover, an increase in temperature has a significant impact on water balance that is more detrimental in the Sudano-Sahelian zone, where water is often a limiting factor, than in the Guinean zone where it is not.
Interestingly, the role of rainfall seems also to be different in both areas. According to Fischer et al. (2002) the relative production changes for the three scenarios +2 8C/+0%, +2 8C/+5% and +2 8C/+10% are À23%, À14%, À8% in the Sudano-Sahelian zone and À8%, À12%, À14% in the Guinean zone. This point needs further investigations in forthcoming studies focusing only on yields.
Differences among cultivars
Most of the selected studies focus on one or more varieties without specifying which cultivar is used. However, in reality, farmers are able to select adapted varieties (e.g. late or early millet) or to adapt their practices (e.g. delayed or early sowing), with significant consequences on yields. For instance, Smith et al. (1996) and Salack (2006) show that future yields of millet differ strongly according to the variety (À44% to À29% for early millet and À21% to À14% for late millet). Thus, it seems very important for future studies to take into account different cultivars, or at least to carefully define the ones used in order to allow comparisons between results.
CO 2 fertilization effect
Rising concentrations of CO 2 in the atmosphere are driving global warming that will impact on crop yields through changes in rainfall and increases in temperature. However, elevated CO 2 also Relative yield change(%) Fig. 5 . Impact of rainfall on yield. ''All'' is the boxplot of the yields evolution for the whole study (increasing and decreasing rainfall altogether). ''Positive'' shows yields when rainfall increases (!5%), ''null'' when rainfall does not change (]À5%; +5%[) and ''negative'' when rainfall decreases ( À5%) This is only based on values from Schlenker and Lobell (2010) . The bold line is the median, the lower hinge is the 1st quartile, the upper hinge is the 3rd quartile and the whiskers extend to the distribution extremes. has beneficial physiological effects on crops through the stimulation of photosynthesis and reduction of drought stress as a result of lower stomatal conductance and greater intercellular CO 2 (Tubiello et al., 2007b; Leakey, 2009) . By conducting a systematic comparison between yield response to climate change with, or without, CO 2 fertilization effect, Mü ller et al. (2010) conclude that the largest uncertainty in the quantification of agricultural impacts is the effect of CO 2 . They found a yield increase of 8% in African scenarios (percent change in 2046-2055 relative to 1996-2005) with full CO 2 fertilization, and a yield loss of À8% without the CO 2 effect. Similar results are found by Mü ller et al. (2010) at the global scale where the CO 2 fertilization effect determines the sign of future yield changes. However, other studies show lower differences between full and no CO 2 fertilization scenarios. Finally, the effect seems to be less important when considering short and mid-term horizons, moderate CO 2 emission scenarios and C4 crops. For instance, Parry et al. (2004) do not find a strong difference in 2020 between CO 2 fertilization and no CO 2 fertilization projections, whereas the difference is much stronger in 2080.
In this section, we quantitatively study the CO 2 fertilization effect, focusing only on studies that provide results with and without this effect. Fig. 7 shows that the difference between both hypotheses depends strongly on the parameters (e.g. type of crops, time horizon, emission scenario) considered. The difference is particularly high for C3 crops (e.g. soybean, groundnut) and for situations with high CO 2 concentrations: typically, at the end of the century and for SRES A scenarios. Moreover, in some cases the CO 2 fertilization effect may compensate the yield loss due to climatic parameters, and sometimes reverse it: this happens in 6 cases (see Fig. 7 ). Note that the point with no difference between no and full CO 2 fertilization comes from Parry et al. (2004) who use color scales for their results. This means that both points are in the same category ([À30%; À10%]).
Results on monetary variables
Another way to analyze the impact of climate change on agriculture is to look for a statistical correlation, not between climate and agricultural physical production or yields, but between local climate (generally approximated by seasonal rainfall and temperature) and monetary variables like the value of production, farm income or agricultural land. This is the basis of the so-called ''Ricardian'' approach introduced by Mendelsohn et al. (1994) for the US, and since then applied to Africa, e.g. by Ajetomobi et al. (2010) , Hassan (2010) , Mendelsohn (2008, 2007) , Molua (2009) and Nhemachena et al. (2010) . In addition, Seo et al. (2009) recently studied the impact on agricultural revenue by combining the agro-ecological zones (AEZ) method and the Ricardian approach.
As mentioned before, we comment on the results from this approach in the present section rather than combining them with the rest of the database, since the latter results concern physical yields, not monetary variables. Moreover, in some studies, the results are not workable: they may cover Africa as a whole, or it may not be possible to compute a relative variation. The range of values in the Ricardian analysis is very important, even within a single study. For instance, according to Kurukulasuriya and Mendelsohn (2007) , in 2100, income variation in Africa ranges from À34% to +66%, depending on the GCM. For Cameroon in 2100, Molua (2009) finds a large range of values, from À50% to +37.5%, depending on the GCM used (with SRES B2 scenario). Similar contrasted results are also found in Hassan (2010) and Seo et al. (2009) . This dispersion may be due to differences in GCMs projections and also due to the sensitivity of the Ricardian analysis to rainfall. Indeed, Ajetomobi et al. (2010) show with rice in Nigeria, that a 5% decrease in rainfall leads to a 65.35% decrease in income on nonirrigated farms, although +2 8C leads only to À11.7%. Moreover, Fig. 7 . Relative yield change differences between full and no CO 2 fertilization within a study. ''Mix'' is for a mix of crops (''cereals'' or ''major crops'').
the Ricardian approach may forecast in some cases more positive changes than both other methodologies because it assumes full adaptation. Because of this wide range of values, it is not yet possible to reach a conclusion on future trends from these Ricardian studies.
Conclusions
Quantifying the impacts of climate change on agriculture is a challenging task because of large uncertainties in regional climate change projections, in the response of crop to environmental changes (rainfall, temperature, CO 2 concentration), in the coupling between climate models and crop productivity functions, and in the adaptation of agricultural systems to progressive climate change.
Quantifying such impacts requires a nested methodology where basic assumptions (for instance, the choice of the climate model and/or the crop model) can strongly influence the sign and magnitude of yield response. So, to extract a robust signal of climate change impact, it is necessary to sample several methods and scenarios. By combining results from 16 published papers, this study gives an overview of the sign, amplitude and uncertainty of impacts on crop productivity in West Africa. In spite of a large dispersion of future yield changes, ranging from a yield loss of À50% to a yield increase of +90%, the median value gives a negative yield loss near À11%. This negative impact seems robust since it is found from both empirical and process-based crop models, although the uncertainty is far larger for processbased studies. Dry cereals cultivated in Sudano-Sahelian countries will be more affected by climate change (median = À18%) than those cultivated in Guinean countries (median = À13%). We found that the negative impacts of climate change on crop productivity are more severe with more intense warming scenarios, with a median yield loss near À15% for the most intense warming scenarios. This relationship between warming intensity and climate impacts highlights the positive effect of climate change mitigation: mitigating global warming will result in less severe impacts.
The consistent negative impact of climate change on crop yield emerging from the 16 studies database results partly from a temperature rise that reduces the crop cycle duration and creates higher water stress through higher evapotranspiration demand. Rainfall changes have the potential to aggravate or mitigate this negative impact, whether rainfall decreases or increases in the future. However, despite the importance of rainfall on crop yield in traditional rainfed systems in Africa, future scenarios of WAM changes are divergent among the IPCC climate models. Thus, producing reliable future scenarios of agricultural productivity depends critically on the ability of the climate modelling community to reduce the uncertainties in climate change projections (rainfall and temperature).
Our meta-analysis highlights the pivotal role that the CO 2 fertilization effect has on the sign and amplitude of changes in crop yield response to climate change. While the impact of climate change on crop yield is essentially negative without considering the fertilization effect of CO 2 , future yields scenarios accounting for this effect are more optimistic. However the CO 2 effect is difficult to estimate accurately and to parameterize in crop models Tubiello et al., 2007a; Ainsworth et al., 2008b; Mü ller et al., 2010) and the recent review of Leakey (2009) consider that CO 2 -induced yield increase is likely to be overly optimistic in current projections of future crop yields. It is particularly true for C4 plants (mainly sorghum, maize, millet in Africa) whose photosynthesis does not seem to be stimulated directly by elevated CO 2 (Ghannoum et al., 2000; Leakey, 2009 ). Moreover, the quality of agricultural products is likely to decrease under increased CO 2 fertilization with the decrease of the protein content (Taub et al., 2008) and an increased susceptibility to insect pests (e.g. Dermody et al., 2008; Zavala et al., 2008) . It is, therefore, crucial to improve our knowledge of the effect of CO 2 on C4 crops in order to achieve better reliability in future crop yields in West Africa.
Another type of study, Ricardian studies, assumes full adaptation and focuses on the value of farmland or farm income (and not on yields): that is why we present their results separately. Moreover, the selected Ricardian studies sometimes give results for Africa as a whole. These papers show a large dispersion of excepted impacts, even within one study. That is why it is not yet possible to use these studies to reach a conclusion on future trends.
Finally, as mentioned by Challinor et al. (2007) , direct comparison among studies dealing with climate change and agricultural impacts is a difficult task. These studies encompass a range of different countries, scales and crops, and uncertainty can come from various sources (climate models and scenarios, crop models, downscaling). Hence combining yield impact studies is a first step in the estimation of sign, magnitude and uncertainty of climate change impacts, but is not sufficiently precise. The multi-ensembles approach, with varying climate models, emissions scenarios, crop models (including different set of parameterizations for crucial processes), and downscaling techniques, as recommended by Challinor et al. (2007) , would enable a move towards a more complete sampling of uncertainty in crop yield projections. Among those parameters, it may be particularly interesting to focus on differences between crop models and between downscaling methods. Indeed, the uncertainty created by these parameters has rarely been studied although, for hydrological impacts, Mall et al. (2007) show, for India, substantial differences between dynamical crop models, and Ducharne et al. (2009) important differences between downscaling methods. Conducting such a multi-ensembles approach for assessing the impacts of climate change on agriculture in Africa is particularly relevant in the framework of the coming IPCC exercise.
